Our aims are to describe and explain the structure of the Cannabis Abuse Screening Test (CAST) across countries. Standard statistical analyses fail to describe and explain several variables simul- 
case with the Diagnostic Statistical Manual (DSM) and the International Classification of Diseases (ICD) whose purpose is to be cross-cultural gold standards (Rehm & Room, 2015; Room, 1998) .
The CAST was designed in France but the European countries differ greatly by their timing in the stage of the cannabis diffusion (Legleye et al., 2014) , their socio-economic contexts, their legal systems and attitudes toward drug use, suggesting that perceptions of cannabis may vary accordingly (Piontek, Kraus, Bjarnason, Demetrovics, & Ramstedt, 2013; ter Bogt, Schmid, Gabhainn, Fotiou, & Vollebergh, 2006; ter Bogt et al., 2013) .
In this article, our aims are two-fold. The first aim is to detect if the CAST has the same structure in all the countries under study. The second aim is to understand if the CAST is related with variables associated with the use and context of cannabis use in the same way in all the countries. Studying a phenomenon across countries (or more generally, groups) requires addressing the problem of multivariate datasets divided into groups of individuals (groups = countries). These data are found in the literature under different names: multilevel, hierarchical, clustered, nested or multigroup data. When a single outcome and a limited number of noncorrelated explanatory variables are considered, this problem is usually solved with generalized estimating equations although they do not produce group-specific parameters (Fitzmaurice, Laird, & Ware, 2011) or with Generalized Linear Mixed Models to get population as well as group parameters (Goldstein, 2010; McCullagh & Nelder, 1989) . But for more complex data with several outcomes and a large number of quasi-collinear explanatory variables, these standard methods fail. Principal component analysis (PCA) (Jolliffe, 2002) or partial least square (PLS) regression (Wold, 1966) are extensively-used tools to deal with many variables as they are based on dimensionality reduction. But they assume that individuals come from a single population and are independent with each other. This is not the case when individuals come from various known groups.
The commonly-used solution consists in performing a multivariate approach such as PCA or PLS regression on each group separately.
But this yields to a large number of parameters and entails a difficulty in interpreting the outcomes and in comparing results across the groups. Multigroup analyses were recently developed as generalizations of multivariate analyses to the case of multigroup setting (Eslami, 2013) .
In this article, we choose to apply multigroup PCA (mgPCA) (Eslami, Qannari, Kohler, & Bougeard, 2013a) and multigroup PLS regression (mgPLS) (Eslami, Qannari, Kohler, & Bougeard, 2013b) .
mgPCA is applied to the first aim, studying the CAST structure and detecting its variations across countries. mgPLS is applied to the second one, explaining the CAST with explanatory variables and detecting whether the associations vary across countries. This article is organized in four sections. The CAST data and the two multigroup methods are introduced and presented in a practical way in the Material and Method section. Results from the multigroup methods applied to the CAST data are given in the Application section. The Discussion section focuses on several aspects of the originality of multigroup analyses applied to cross-cultural surveys and its comparison to other methods. Finally, conclusions and perspectives are given.
| MATERIAL AND METHODS

| Data
The ESPAD European survey is a pen and paper self-administered school survey which aims at collecting data on alcohol and other drugs following the same protocol in several countries every four years (www.espad.org). The CAST is an optional module of ESPAD since 2007 (Piontek et al., 2009) and was chosen by 13 countries in 2011 (Pabst et al., 2012) . The 2011 database analysed consists of 5204 pupils aged 15-16 who reported having smoked cannabis in the last 12 months. They are originated from the following countries:
Belgium (n = 331), Cyprus (n = 177), Czech Republic (n = 1013), France (n = 723), Germany (n = 365), Italy (n = 617), Kosovo (n = 55), Latvia (n = 292), Lichtenstein (n = 52), Poland (n = 1113), Romania (n = 93), Slovak Republic (n = 246) and Ukraine (n = 127). Data are available upon request.
| The CAST
The CAST is a screening tool aimed at identifying problematic cannabis use, that is patterns of cannabis use leading to negative consequences on a health or social level for the user himself or others (EMCDDA, 2009, p. 31) . It consists of six questions (items) about the past 12 months: non-recreational use (CAST1 "Have you smoked cannabis before midday?", CAST2 "Have you smoked cannabis when you were alone?"), memory disorders (CAST3 "Have you had memory problems when you smoked cannabis?"), reproaches from family or friends (CAST4 "Have friends or family members told you that you should reduce or stop your cannabis consumption?"), unsuccessful attempts to quit (CAST5 "Have you tried to reduce or stop your cannabis use without succeeding?") and problems associated with cannabis consumption (CAST6 "Have you had problems because of your cannabis use (argument, fight, accident, poor results at school, …)?"). All items are answered on a five-point scale (0 "never", 1 "rarely", 2 "from time to time", 3 "fairly often", 4 "very often").
| Explanatory variables
Eight questions were selected to explain the cannabis consumption:
Can12M and Can30D "frequency of cannabis use in the last 12 months and in the last 30 days" (0, 1-2, 3-5, 6-9, 10-19, 20-39, 40+ times), Alcohol12M "frequency of alcohol use in the last 12 months" (0, 1-2, 3-5, 6-9, 10-19, 20-39, 40+ times) , DrunkL "frequency of drunkenness during life" (0, 1-2, 3-5, 6-9, 10-19, 20-39, 40+ times) , Tobacco "number of tobacco cigarettes in the last 30 days" (0, < 1/ week, < 1/day, 1-5/day, 6-10/day, 11-20/day, 21+/day), CanOnset "age at first cannabis use" (nine or less, 10, 11, 12, 13, 14, 15, 16+) , CanFriends "proportion of friends smoking cannabis" (none, some, most, almost all, all) and CanRisks "perception of risks associated to regular cannabis use" (no risk, light risk, moderate risk, important risk).
| Multigroup principal component analysis (mgPCA)
The first aim is to describe the CAST dataset (5204 pupils ×6 variables), where individuals are sampled from 13 countries. The mgPCA (Eslami et al., 2013a) takes into account this group structure and proposes index and graphical displays to interpret the common level that reflects the overall population, as well as the group specificities in comparison with the common structure. Consider a single dataset X involving P quantitative variables and N individuals a priori divided into M groups
We assume that each dataset X m of dimensions (N m × P) is columncentred. The principle of mgPCA is to seek a common vector of loadings a to study the relationships between the P variables, these links being common to all the individuals. In addition, to better understand the group specificity in comparison with the common structure, the P variables may also be viewed through their group vector of loadings a m . The graphical display in Figure 1 depicts all these elements. 
| Multigroup partial least squares (mgPLS)
The second aim is to investigate the relationships between the multivariate explanatory dataset and the CAST dataset. The mgPLS (Eslami et al., 2013b ) is based on a standard PLS method (Wold, 1966) but takes the group structure into account. It proposes indexes and graphical displays to interpret the common as well as the group levels.
Consider an explanatory dataset X and a dependent one Y which respectively consist in the measurement of P and Q quantitative variables on the same N individuals partitioned into M groups a priori known. We assume that each dataset associated with group m for standard PLS, mgPLS seeks regression coefficients between X and Y that are common to all the groups on the basis of the components.
To investigate other directions, subsequent loadings and components are sought by considering the same maximization problem and using the deflated X with respect to the first component. As for standard PLS, the choice of the optimal number of components h opt to be used is pivotal. Three rules are simultaneously used: the scree test, the percentage of explained variances of the dependent and the explanatory datasets and the component interpretability.
Details can be found in (Eslami et al., 2013b; Eslami, Qannari, Kohler, & Bougeard, 2014a ).
| Interpretation levels and similarity indexes
Multigroup analyses may be interpreted at the common and the group level for variables and individuals. From our experience, the interpreta- 
| Data pre-treatment
A crucial point in multivariate analysis is the question of the data pre- inertia. Depending on the data and on the goals of the analysis, the user has to choose between these four different ways of scaling. The most standard choice (and the easiest to interpret) is to apply an overall as well as a group scaling. We applied this solution.
| Multigroup analyses in practice
In multigroup analyses, variables must be preferably continuous or ordered but no specific distribution assumption are required. It is commonly accepted that in PCA and mgPCA, the number of individuals should be higher than the number of variables but no such assumption is stated for PLS and mgPLS. From a statistical point of view and from our experience, any group number can be chosen, this choice being only driven by the data features. Statistical procedures for mgPCA and mgPLS and associated interpretation tools are freely available through the "multigroup" package in R (Eslami, Qannari, Bougeard, & Sanchez, 2015) . The R code used for this study is available online.
3 | APPLICATION
| Data description and pre-treatments
Mean distributions and associated standard deviations of the CAST variables are given in Table 1 .
France has the highest frequency of use mean in the last 12 months (15.2), whereas Cyprus lies in eighth position (8.9), Latvia in 10th position (7.0) and Kosovo in the last one (2.5). The CAST is commonly used to screen for problematic use: a score is computed for each individual by adding the values of the six CAST items, ranging between 0 and 24 (Legleye et al., 2015; Legleye et al., 2013) . ESPAD data show large differences in mean CAST scores (Pabst et al., 2012) :
Cyprus had the highest mean (2.5) followed by Italy (1.6) and Latvia each country with this common structure, similarity indexes are depicted in Figure 4 for these first two dimensions.
It shows that the CAST has a robust and common structure in most of the countries as similarity indexes are close to one. More precisely on the first dimension, all the countries are coherent with the common structure, the most deviant countries being Liechtenstein and Romania with a similarity index above 0.99. On the second dimension, Kosovo differs the most with a similarity index above 0.90. To understand these minor differences, the group loadings of these three countries are also illustrated in Figure 3 . For Kosovo, the first component has a large inertia (79.0%, whereas only 6.3% for the second one) meaning that the CAST is highly unidimensional for this country. In addition, some relationships between CAST variables are specific to this country: CAST2 (smoking when alone) and CAST6
(problems due to consumption) are highly correlated, whereas the correlation between CAST1 and CAST2 is lower. For Liechtenstein, the specific features mainly come from the strong links between CAST4
(reproaches) and CAST5 (unsuccessful quite attempts), CAST3 (memory problems) and CAST6 (problems), and finally CAST1 and CAST2.
The specificity of Romania comes from the high correlations between CAST1, CAST2 and CAST3 and the poor contribution of CAST6.
These three deviating countries are those with the smallest samples. Excluding them does not change the eigenvalues and the common structure but leads to much higher similarity indexes: they are above 0.996 (Cyprus) on the first dimension and above 0.975 (Ukraine) on dimension 2. represent the explanatory one (X). Two dimensions are retained as they explain 48.7% of the total inertia (Dim1 = 37.1%, Dim2 = 11.6%).
They account for 49.5% of the inertia of the explanatory dataset and 15.9% on the dependent one. The common loadings plot is given in The common relationships between explanatory and dependent variables can also be viewed through the mgPLS common regression coefficients between dependent and explanatory variables depicted in Table 2 . The country specificity in regard with the common structure is given in Figure 6 for the explanatory space (left plot) and the dependent space (right plot).
In (Table 1) : if the proportion of frequent users is low, most users may consider that the regular use is risky, which is a common denial and coping mechanism in addiction (Becker, 1963; Peretti-Watel et al., 2007) .
For Liechtenstein ( Figure 5 , bottom left plot), the proportion of explained variance in the first factorial plan is also relatively lower than in average (35.0% and 9.9% in the first and second dimension versus respectively 37.3% and 11.6%). The CAST variables are less correlated with each other than in the common structure. They are also poorly associated with alcohol use (Alcohol12M), drunkenness in life (DrunkL), age at cannabis onset (CanOnset) and the perception of cannabis harms (CanRisks). Liechtenstein is characterized by a relatively high CAST score average and a high frequency of use (Table 1) This may reflect a late timing in the diffusion of cannabis, which is supported by the fact that Romania has a very low frequency of use and a rather high CAST score average (Table 1) .
As in mgPCA, a replication of the analysis excluding Romania, Liechtenstein and Kosovo that are the most deviating countries does not change the common structure but leads to much higher similarity indexes: in the X space, they are above 0.84 ( 4 | DISCUSSION
| Summary of the findings
In this article, we applied two innovative methods, mgPCA and mgPLS, to study the CAST structure and its associations with potential explanatory variables to the 2011 ESPAD data, a school survey where individuals are sampled from 13 groups (countries). In these analyses, the group effect is structuring but non-relevant although differences between each group and the common structure (for all groups) are computed. These methods are based on maximization criteria; they seek common and group loading weights which may be useful for enhancing the interpretation of the outcomes and in graphical displays.
The proposed methods and their associated interpretation tools are developed in the "multigroup" package of the free software R (Eslami et al., 2015) . 
| Comparison with previous studies assessing the CAST structure
Previous studies of the CAST using confirmatory factor analysis (CFA)
were conducted in separate countries. They found a uni-dimensional structure or a bi-dimensional structure (CAST1 and CAST2 on the first factor, the other items on the second one), the two being eventually highly correlated (Pearson correlation coefficient above 0.7) (Bastiani et al., 2013; Cuenca-Royo, Sánchez-Niubó, Torrens, Suelves, & Domingo-Salvany, 2013; Fernandez-Artamendi et al., 2012; Legleye et al., 2015; Legleye, Piontek et al., 2011b; Legleye et al., 2013) , except in one study were it was above 0.5 (Cuenca-Royo et al., 2012) . First, we have to notice that in these publications, the number of dimensions seems to depend on sample size and heterogeneity as two dimensions 
| Multigroup analyses for the case of unbalanced groups or unbalanced dimensions across groups
Depending on the data pre-treatments, multigroup analyses handle unbalanced groups in different ways. As variables are not necessary scaled within groups, the group weight may depend of the group inertia and is usually higher for a small group. When variables are scaled within groups (our choice in this study), all the groups have the same weight in the analysis. Therefore, the scaling question must be carefully answered in regard with the data feature and the goal of the statistical analysis. Multigroup analyses being driven by seeking common components to all the groups, the common structure as well as the group structures have all the same dimensions. However, groups may be summarized by different number of components. This point must be studied further.
| Alternative comparable methods
It is worth noting that mgPCA gives the same common loadings as Dual Multiple Factorial Analysis (DMFA) (Lê & Pagès, 2010) implemented in the popular FactoMineR R package. But mgPCA has the advantages of (i) processing group loadings as well as common loadings associated with a useful similarity index and (ii) being based on a straightforward maximization criterion which can be extended to more complex data such as two block and multiblock data (Eslami, 2013) .
mgPCA can also be compared to the Simultaneous Component Analysis (SCA) (Kiers & Ten Berge, 1994) . It has been proven that the well-known version of SCA (SCA-P) leads to the same results as mgPCA (Eslami, 2013) .
| Invariance analysis
Measurement invariance is usually tested with multigroup CFA (Bartholomew, Knott, & Moustaki, 2011; Matsumoto & Van de Vijver, 2011) . Configural (similarity of the factors across groups), metric (identity of the loadings across groups) and scalar (identity of the intercepts across groups) invariances are successively checked. Theoretically, only scalar invariance (i.e. measurement invariance) allows comparing means across groups. CFA relies on distributional assumptions of variables and on regression modelling. One advantage is that it uses statistical testing but from a practical point of view, it is complex and scalar invariance is rarely achieved: the number of tests and parameter constraint changes are usually high before assessing to what extent the scale is not fully invariant across the groups (Muthén & Asparouhov, 2012) , especially when the numbers of groups or variables are large (Van de Schoot, Schmidt, & De Beuckelaer, 2015) . These methods rely on an abundance of fit indexes and are sensitive to sample size and to misspecifications (Saris, Satorra, & van der Veld, 2009 ). In addition they need quite large samples to be reliable, as many parameters are estimated; finally, the conclusions are sensitive to the choice of the parameters that are considered fixed only because of identifiability constraints and also to the choice of a country of reference. Nevertheless, they can handle binary, ordinary and multinomial variables. The proposed mgPCA and mgPLS are not originally designed to check for invariance measurement: they intend to provide a reliable picture of the common relationships between variables in multigroup settings.
They do not provide statistical tests and the input variables are all treated as continuous; they are not sensitive to the choice of identifiability constraints; they assess differences to the common structure instead of a group of reference. As a result, our judgement about the robustness of the structure of the CAST in the ESPAD survey is not a claim of "true" configural or metric invariance but is a strong indication that they may hold: it is a preliminary and methodological work before testing invariance. However, mgPLS shows hints to understand differences between countries that are observed in mgPCA, which is not straightforward in multigroup CFA.
In alcohol research, it has been found that differences in culture may impair cross-national comparisons of alcohol use disorders, even when standardized tests are used (Room, 2006) because the patterns of use may differ so much that the established thresholds may need adaptations. The CAST is usually used to screen people with moderate or high risk of problematic use: it may be the case that beyond the global structure of the CAST variables that we found, country specific thresholds have to be used to obtain measurement invariance with the CAST as a screening instrument. This will be the purpose of a further study using multigroup CFA.
| Limitations
In this analysis, we only consider some explanatory variables to explain the CAST variables, all being measured at the individual level. Socioeconomic variables considered at the individual level could also play an important role; unfortunately, the most relevant variables (highest education level of each of the parents) are optional and were not available for all countries. In addition, multigroup methods cannot consider contextual aggregated data at the country level as all the variables are country-centred. It is highly probable that these variables, e.g. country wealth, unemployment rates, education level, legislations towards drug use, play an important role as it was found for alcohol use in the ESPAD data (Legleye, Morand, & Garnier, 2011a) . For instance, Kosovo and Liechtenstein are small and specific countries, the first one being a recent independent state that endured war and social troubles in the past years, whereas the second one is one of the wealthiest countries in the world with less than 40,000 inhabitants.
Romania is a recent and relatively poor member of the European Union with an important agricultural sector. The sample sizes for these countries are also very small (respectively 52, 55 and 93 subjects) and their exclusion led to much higher similarities. Nevertheless, a previous publication on the 2007 ESPAD data showed that the most influent variables explaining cannabis perception were cannabis use and use by friends, far beyond country-level variables .
| CONCLUSION AND PERSPECTIVES
The CAST structure appears rather stable across the 13 studied countries despite some discrepancies in three countries (Kosovo, Liechtenstein and Romania), that are linked to differences in the relation between the explanatory variables and the CAST variables. mgPCA and mgPLS may be used in epidemiology or sociology studies involving a priori groups or populations. The next step will be to study its measurement invariance. On a methodological point of view, the mgPCA and mgPLS may be used in studies involving a priori groups or populations. For the case of surveys with a more complex block structure (e.g. socio-economic, drug use and health indicators, all measured on the same individuals) as well as a group one (e.g. individuals from different countries), multiblock and multigroup analysis can be applied (Eslami, Qannari, Kohler, & Bougeard, 2014b; Sabatier & Vivien, 2008) .
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